The expanding behavioral repertoire of the developing brain during childhood and adolescence is shaped by complex brain-environment interactions and flavored by unique life experiences.
Introduction
The complexity and idiosyncratic characteristics of the human mind originates in an intricate web of interactions between genes, brain circuits, behaviors, economic, social and cultural factors during childhood and adolescence. The major life changes associated with the transition into young adulthood offer opportunities for adaptation and growth, but also increased susceptibility to detrimental perturbations, such as the characteristics of social and parental relationships, family environment, quality of schools and activities, economic security, urbanization and pollution, drugs, cultural practices, and values, that all act in concert with our genetic architecture and biology. A multidimensional understanding of the interplay of these factors is paramount to identify the constituents of healthy development and to identify factors that may precede maladjustment and mental illness.
Population-based neuroimaging now allows us to take a birds-eye view on this stupendous multiplicity, and to bring hitherto unseen patterns into focus1. The Adolescent Brain Cognitive Development (ABCD) study2 provides brain images of more than 10,000 children aged [9] [10] [11] years across the US and includes a broad range of cognitive, behavioral, clinical, psychosocial and socioeconomic measures. Analogous to the accumulation of small effects in the genetics of complex human traits and polygenic disorders, while each neuroimaging feature typically explains a minute amount of unique variance in behavioural outcome3, 4, their combined predictive value is non-negligible, including predictive patterns for individuals5, 6 and characteristics such as age7, 8, cognitive ability9 and psychopathology9. Combining levels of information using latent-variable approaches which model all available information may reveal interpretable patterns among multiple imaging and variables such as cognition and socio-demographics4, 10. One recent example revealed that a wide range of cognitive, clinical and lifestyle measures constitute a "positivenegative" dimension associated with adult brain network connectivity1.
Here we used an analogous approach in 8,622 children aged 9-11 from the ABCD-study, combining canonical correlation analysis (CCA) with independent component analysis (ICA) to derive population-level modes of co-variation, linking behavioral, psychosocial, socioeconomic and demographical variables (behavioral measures) to a wide set of neuroimaging phenotypes.
Each resulting mode represents an association between a linear combination of behavioral
measures with a separate combination of imaging features that show similar variation across participants10. CCA was performed after data reduction with principal component analysis, and robustness and reliability of the identified modes were assessed using cross-validation and 4 permutation testing to avoid overfitting. To express results in the original variable-space, CCA-ICA subject weights where correlated back into the original data.
Results
We identified four distinct modes of co-variation, linking brain-features with cognition, socioeconomic status (SES) and lifestyle factors, perinatal events and cognitive, motor and speech development, and urbanicity and onset of puberty ( Fig. 1 ). Canonical correlations (r=.68, r=.50, r=.49, r=44) where were highly significant and robust as assessed by 10-fold cross-validation and permutation (out-of-sample r=.63, r=.40, r=.41, r=.32, all permuted-p < 0.01 respectively, Supplementary Fig. 1 ). Mode 1 links cognitive ability and grades, to area deprivation index (ADI), reflecting median household income, income disparity, home ownership percentage, and neighborhood violence and crime (Fig. 2 ). The mode further links maternal age at birth and whether the pregnancy was planned, number of half-siblings, sleep duration, and religiosity, jointly forming a dimension of socio-cognitive stratification. This dimension is robustly associated with cortical thickness, sulcal depth, area and volume, with brain volume, lateral occipital and middle temporal cortical volumes and bilateral lingual thickness among the highest-loading imaging features. Fig. 2A , Supplementary Table 3 ). Fig. 2B , Supplementary Table 4 ).
Discussion
We found four robust modes of child population co-variation, each linking behavioral, clinical, psychosocial, socioeconomic and demographical measures to neuroimaging in more than 8,600 children aged 9-11 years. The first mode captured a pattern of socio-cognitive stratification which was associated with brain volume and regional measures of cortical thickness, area and volume.
Conceptually the mode shares similarities with a positive-negative population mode linked to brain connectivity1 and structure11 in adults. Similar to adults, the child mode captures a positive manifold among several cognitive measures. Further, the mode is linked to several positive and negative life-events, constituting important factors for neurodevelopment that these children receive from their parents, both in terms of genetic and epigenetic inheritance of cognitive ability, but also of living in high-or low-income neighborhoods, the neighborhood level of violence, parents' level of religious beliefs, which is known to be associated with social deprivation, familyplanning and later pregnancies, which is associated with higher education and SES. The neurotypical developmental trajectory at this age is characterized by apparent cortical thinning, likely partly reflecting synaptic pruning12 and myelination13. Thicker cortex with higher SES is consistent with reports of accelerated brain maturation in children from low-SES families14, 15. Indeed, across species and in humans, early life adversity is associated with accelerated maturation of neural systems, possibly at a cost of increased risk for later mental health problems16.
The second mode links obstetric complications and early life factors such as duration of breast feeding and motor development, with cognitive ability, cortical surface area, thickness and volume in late childhood. Obstetric complications increase the risk of later cognitive deficits and mental disorders17. The present results support that children with a history of obstetric and perinatal complications show delayed brain development and are consistent with reports associating birth weight with cortical area and brain volume in childhood and adolescence18.
The third mode is related to urbanicity, with an inverse relationship between air pollution and walkability. Low-pollution, high-walkability "sweet-spot" neighborhoods are skewed toward high-
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SES households, contrasted with high-pollution, low-walkability "sour-spot" neighborhoods associated with mid-level income19. Associations between neighborhood walkability and overweight20, and between overweight and onset of puberty21 are consistent with previous reports, and here we document an association with cortical thickness, and FA, ND, RD and MD in interhemispheric connections, including corpus callosum and forceps minor. In contrast to the standard regression approach which models one outcome-variable at a time and typically includes only a few covariates the combined multivariate approach employed here considers the full pattern of co-variability between variables. The current approach is therefore well suited for capturing population patterns by maximizing statistical power. However, it does not allow for interpretation of specific associations between pairs of variables. All the patterns are purely correlational and also treated analytically and reported as such. It is also entirely possible, and highly probable, that these patterns are further correlated with other important phenomena not measured or included in the current analysis. The current approach also effectively captures differential patterns involving the same measures. For example, higher cortical thickness, indicative of delayed maturation, is independently associated both with socio-cognitive stratification, higher cognitive ability and SES, as well as with obstetric and perinatal complications, lower cognitive ability, and delayed speech and motor development. The independent and co-existing associations with brain structure emphasize the importance of multidimensional considerations for understanding child and adolescent neurodevelopment and support that political decision aiming to improve health outcomes and adaptation during transformative life phases should be based on interdisciplinary perspectives integrating social, psychological and biological sciences. age and sex using linear models. Imaging phenotypes were also residualized for site/scanner, and volumetric features were also corrected for estimated total intracranial volume (eTIV from Freesurfer). eTIV was also included as variable in the analysis to capture associations with global volume, in addition to the eTIV-corrected volumes capturing associations with regional specificity. For both MRI and behavioral measures, missing values were imputed with 'knnimpute', replacing missing data based on the k nearest-neighbour columns based on Euclidian distance (k=3), before being z-normalized and submitted (separately for imaging and behavioural data) to PCA ( Supplementary Fig. 3 ), to avoid issues with rank deficiency and to increase robustness of estimated modes by avoiding fitting to noise. We extracted the first 200 components for both the imaging and behavioural data, and submitted these to CCA.
Cross-validation: To assess the reliability and generalizability of the resulting CCA-modes we performed the following 10-fold cross-validation procedure: For each iteration (n=100) of the cross-validation loop the dataset was randomly divided into 10 folds. While keeping each fold (10% of participants) out once we submitted the remaining data (90% of participants) to PCA (separately for imaging and MRI data) and then to CCA. Next we multiplied the kept-out behavioral measure and MRI feature matrices with the estimated PCA coefficient matrices, before multiplying the resulting PCA scores with the canonical coefficients and then correlated the resulting CCA scores. Finally, we took the average of these canonical correlations across the 10 folds ( Supplementary Fig. 1 ). This procedure was repeated 100 times to derive mean canonical correlations for kept-out data, and used in the next step for calculating p-values. We also correlated the CCA subject measure and MRI coefficients derived for kept-out participants, with those from the full analysis.
Permutation testing: To assess significance of the resulting CCA-modes, we ran 1000 iterations of the same 10-fold cross-validation procedure described above, but with the order of participants of the imaging phenotype matrix randomly permuted in each iteration, and collecting canonical correlations for the kept rather than the kept-out data to account for overfitting by the CCA. We then collected the maximum canonical correlation across CCA-modes (i.e. mode 1) for each permutation to form a null-distribution to calculate familywise error corrected (FWE) p-values.
P-values for each of the CCA-modes were calculated by dividing the count of permuted maximum R-values (including the observed value) >= the mean cross-validated R-value by the number of permutations. CCA-modes with a corrected p-value < .01 was included for further analysis ( Supplementary Fig. 1 ).
CCA-ICA:
We extracted the CCA-scores for the four significant modes and submitted them to independent component analysis (ICA), following procedures described by Miller et al10, using fastICA27 estimating four components (the number of significant modes). To assess the reliability and generalizability of the ICA decomposition we reran 100 iterations of the 10-fold crossvalidation procedure described above, this time including ICA estimation after the CCA step, and then correlated subject-weights derived from kept-out data to those from the full analysis ( Supplementary Fig. 1 ). To assess and plot the significant CCA-ICA modes in the original variable space, we correlated the subject weights for each CCA-ICA mode with the original age-and sex (+ eTIV) adjusted matrices and expressed these association in terms of explained variance by squaring these correlations. For each significant mode of population covariation, we also plotted the variable text/descriptions for the 35 variables with the highest explained variance in the original adjusted data (List of all variables and associated descriptions, correlations and ICA weights can be found in Supplementary Tables 1-4 ). ICA subject weight histograms are shown in Supplementary Fig. 4 . The explained variance of single variables ranged between 12 and 40% for the most highly involved items on these population modes, which is in a similar range as reported employing a similar approach in the adult UK Biobank sample10.
Consistently across sex and parent-ascribed race: To assess whether any of the modes show specific patterns related to sex or parent-ascribed race, we computed CCA-ICA item correlations by sex ( Supplementary Fig. 5-8 ) and parent-ascribed race ( Supplementary Fig. 9-12 ), and compared these subject-weight-variable correlations with those estimated for the full analysis. Correlations for the four modes ranged between r=1 -r=.97 for sex and between r=.99 -r=.71 for parent-ascribed race.
Consistency across sites: To further assess the generalizability and robustness of the CCA-ICA patterns we computed site/scanner-wise CCA-ICA variable-correlations, and performed correlations comparing these to the full model ( Supplementary Fig. 13-16 ). The pattern of the four modes are mostly consistent across sites, but with some sites deviating more from the full analysis modes than others (r=.95 -r=.31). All imaging phenotypes were adjusted for site, however, ABCD collects data at 21 sites across the continental US (https://abcdstudy.org/about) and some degree of population-level demographical differences are expected.
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Alternative approach without imputation: To ensure that the results were not affected by the imputation procedure for missing data points, we also used an alternative and previously described approach1 in which we estimated the subject x subject covariance matrix, ignoring missing values, before projecting this approximated covariance matrix to the nearest positive- Online methods references: Supplementary Fig. 1 : The four columns show results for CCA and CCA-ICA modes 1-4, respectively. Row 1
Supplementary Figures
shows the scatter-plots of behavioral and imaging scores from the in-sample CCA, and the title shows the canonical correlation for the full in-sample analysis (100% of data). Row 2 Shown in blue is the distribution of out-of-sample canonical correlation values across 100 iterations of a 10-fold cross-validation procedure. Each fold (10% of participants) was kept out once, while estimating PCA and CCA using the remaining folds (90% of participants).
Each of the 100 correlations plotted here is the mean canonical correlation between CCA weights derived for keptout participants across the 10 folds in each of the 100 iterations. Title displays the mean out-of-sample canonical correlations, along with the standard deviation. The null-distribution generated by the permutation procedure is shown in black in the same plot: we ran 1000 iterations of the 10-fold cross-validation procedure, randomizing the rows (participants) of the imaging feature-matrix for each run. To correct for familywise error (FWE) we collected the largest canonical correlation (i.e. the value for mode 1) to form the null-distribution, and used this to calculate p-values using the mean canonical correlation for kept-out participants from the cross-validation procedure. Row 3
shows the correlations between CCA behavioral measure-weights derived during cross-validation for folds kept out of the estimation, with those from the full analysis. Row 4 shows the correlations between CCA imaging feature-16 weights derived during cross-validation for folds kept out of the estimation, with those from the full analysis. Row 5
shows the correlations between ICA behavioral-measure and imaging-feature weights derived during crossvalidation for folds kept out of the estimation, with those from the full analysis. Row 6 shows the correlations between ICA subject weights derived during cross-validation for folds kept out of the estimation, with those from the full analysis. Y-axis in all histograms represent densities. Supplementary Tables 3 and 4. 
